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Extending  the deﬁnition  of small  scale  ﬁsheries  is  a recurrent  issue  in policy  and  research  debates.  A
broader deﬁnition  of small  scale  ﬁsheries  would  need  to  encompass,  in  addition  to  vessel  size  attributes
such  as  vessel  length,  variables  relating  to their local  operational  range,  their  social  role  in  coastal  commu-
nities and  the  economics  of  the  enterprise.  In this  study,  data  mining  and geospatial  analysis  techniques
were  used  to  explore  the  relationship  between  vessel  characteristics  and  local  operational  range.  The
process  relies  heavily  on the  availability  of detailed  logbook  data  and  involves  two  main  steps:  (1)  clus-
tering  vessels  on  the  basis  of  operational  range  attributes  and  (2)  ﬁnding  vessel  characteristics  that  best
match  the  operational  range  classes  through  machine  learning  algorithms.  The  analysis  was  carried  out
using  the  Swedish  ﬁshing  ﬂeet  as  a case  study  and  considers  the  ﬁshing  activity  of  the  entire  ﬂeet  over  the
period  2007–2013.  Swedish  logbook  data  offers  the advantage  of providing  precise  spatial  information
on  the  location  of the catch.  Results  clearly  identiﬁed  three  operational  range  clusters:  local,  medium
and  long  range.  When  considering  engine  power  and  vessel  tonnage  as  explanatory  variables,  the  clas-
siﬁcation  algorithms  were  able  to represent  the  operational  range  classes  with  a  success  rate  of 94%.
However,  the  fact that  medium  size  vessels  operate  and compete  in the  same  operational  range  class  of
small  size  vessels  limits,  in  practice,  the  possibility  of  using  vessel  characteristics  to represent  univocally
the  local  operational  range  characteristics  of  small  scale  ﬁsheries,  unless  very  high  thresholds  for  power
and  tonnage  are  used.
©  2015  The  Authors.  Published  by  Elsevier  B.V. This  is  an  open  access  article  under  the  CC  BY-NC-ND. Introduction
Small scale ﬁsheries (SSF) are of great importance in the Euro-
ean Union (EU) in terms of job opportunities and contribution to
he economy of coastal communities. It has been estimated that SSF
enerate around 53% of the direct employment in the EU catching
ector, represent around 83% of the ﬁshing vessels and a quarter
f the catch value (Guyader et al., 2013). Despite this importance,
he sector is still poorly understood, statistics are limited and there
s a lack of a uniform and straightforward deﬁnition for SSF. The
ack of a common deﬁnition for SSF contributes to the difﬁculty of
anaging the sector and implementing targeted policies.
The need to deﬁne SSF is a recurring issue in policy, manage-ent and research debates (e.g. COFI, 2014; Garcia et al., 2008;
uropean Parliament Committee on Fisheries, 2012; Guyader et al.,
013; Symes, 2013). The interchangeability of terms normally
∗ Corresponding author. Tel.: +39 0332 789181.
E-mail address: fabrizio.natale@jrc.ec.europa.eu (F. Natale).
ttp://dx.doi.org/10.1016/j.ﬁshres.2014.12.013
165-7836/© 2015 The Authors. Published by Elsevier B.V. This is an open access article unlicense (http://creativecommons.org/licenses/by-nc-nd/4.0/).
associated to SSF – “artisanal”, “local”, “coastal”, “traditional”,
“small”, “subsistence”, “non-industrial”, “low-tech”, “poor” – is
indicative of the many values and characteristics underpinning
their deﬁnition.
In the EU, the reformed common ﬁsheries policy (CFP) includes
three main actions in support of SSF: an extension to 2022 of the
right for member states (MS) to restrict ﬁshing within 12 nautical
miles; the exclusion of SSF from transferable ﬁshing concessions
schemes, as well as, a series of targeted ﬁnancial support measures
under the European Maritime and Fisheries Fund (EMFF) (Regu-
lation 508/2014). For the implementation of these measures, the
EMFF deﬁnes SSF as “ﬁshing carried out by ﬁshing vessels of an
overall length of less than 12 m and not using towed ﬁshing gear”.
This formulation repeats the one used in the previous European
Fisheries Fund (Regulation 1198/2006).
Preceding the approval of the reformed CFP, a report by the
European Parliament (EP) (European Parliament Committee on
Fisheries, 2012) argued in favour of a deﬁnition for SSF that con-
siders, in addition to a strict boat-size criterion, the impact on the
marine ecosystem, the time spent at sea and the characteristics
der the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
 Resea
o
r
t
t
w
v
“
o
a
g
o
u
a
c
o
t
s
m
l
e
b
a
e
t
o
2
t
c
a
s
t
i
i
t
p
t
f
t
e
n
a
o
e
(
l
o
p
a
m
e
n
o
“
m
a
u
a
t
c
tF. Natale et al. / Fisheries
f the economic unit exploiting the resource. In this line, the EP
ecommended that the “European Commission should, alongside
he Member States, set out a more exhaustive and rigorous deﬁni-
ion of small-scale ﬁshing. There is a need to know better where,
hen and how small-scale ﬁshing boats ﬁsh”. The report also pro-
ides a list of the characteristics associated with small-scale ﬁshing:
strong ties to the economy, social structure, culture and traditions
f coastal towns and communities; ﬁshing activity undertaken rel-
tively close to the coast and involving shorter periods at sea;
reater direct incorporation of human labour, or the employment
f more individuals per unit of ﬁsh caught; the use of less fuel per
nit of ﬁsh caught; the use of techniques that are more selective
nd able to have less impact on living marine resources; closer
ooperation between the ﬁsher, the resources and the community
f which he/she is part, which could facilitate understanding of
he importance of properly conserving resources; involvement in
impler marketing structures and shorter supply chains, with the
ajority of the ﬁsh destined to be consumed fresh; and the preva-
ence, amongst other operators, of micro-, small and medium sized
nterprises, and of family enterprises”.
In the scientiﬁc realm, several authors have also shown to
e in favour of a deﬁnition for SSF that is based on other char-
cteristics rather than simply on vessel size, such as modes of
nterprise organisation, spatial–temporal dimension of opera-
ions, social organisation, economic behaviour and dependence
n local ecosystems (Johnson, 2006; Guyader et al., 2013; Symes,
013; Fréon et al., 2014; García-Flórez et al., 2014). According
o Symes (2013), SSF can be seen as a social phenomenon, a
hoice of life which is accompanied by limitations in ﬁshing
ctivity and operational range. SSF are better integrated in local,
ocial–ecological systems and this makes them more resilient. On
he other hand, the inherent individualism of the ﬁshermen makes
t more difﬁcult for SSF to unite and represent their corporative
nterests.
García-Flórez et al. (2014) address the issue of deﬁning SSF
hrough a set of structural (vessel length, gross tonnage, engine
ower, of gear type) and functional descriptors (duration of ﬁshing
rip, number of ﬁshermen per boat, ﬁshing licences). A conclusion
rom the study relates to the importance of including other impor-
ant indicators such as operational range of the vessel and ﬁshing
ffort in the deﬁnition of SSF.
Both science and policy are moving towards an extended deﬁ-
ition encompassing not only vessel characteristics but additional
ttributes organised along four main categories: physical attributes
f the vessels, patterns of ﬁshing activity, social organisation and
conomic structure of the enterprise (UNEP, 2004).
The consideration of these dimensions poses two main issues:
1) the dimensions partly overlap and often conﬂict, for example, a
arge enterprise ﬁshing locally may  share with small family-based
r part-time ﬁshing activity a strong linkage to the local ﬁshing
ort, dependence on local ﬁshing grounds and limitations in oper-
tional choices, while diverging substantially in its relation to the
arket and to ﬁsheries management and (2) to cater for the socio-
conomic characteristics and the local nature of activity of SSF it is
ecessary to incorporate attributes which are generally unknown
r vary greatly across regions and do not offer the simple and clear
cut” deﬁnition that is needed to design and implement policy
easures that fulﬁl the criteria of simpliﬁcation, legislative clarity
nd non-discrimination.
In this paper we try to address the issue of deﬁning SSF
sing geospatial analysis techniques and focusing on the physical
ttributes of the vessel and patterns of ﬁshing activity while omit-
ing for now the other two dimensions related to the economic
haracteristics of the enterprise and social attributes.
Our proposed methodology explores physical characteristics of
he vessels and local operational range to evaluate the link betweenrch 164 (2015) 286–292 287
“small” vessel size and “local” ﬁshing activity, which is at the core
of the deﬁnition of SSF adopted in EU policy.
To assess this linkage we  begin by spatially analysing logbook
data to cluster ﬁshing activity patterns (or operational ranges).
In a second step we  apply machine learning algorithms to vessel
characteristics to identify the best rules representing the identiﬁed
clusters of operational ranges. We  use a data driven approach rely-
ing heavily on the availability of detailed logbook data. We  consider
the Swedish commercial ﬁshing ﬂeet as a case study by examining
the ﬁshing activity of the entire ﬂeet over the last seven years recon-
structed from the logbook data. The Swedish logbook data has the
advantage of providing in addition to the spatial reference to the
ICES rectangles, the exact coordinates of the ﬁshing operation. It
offers therefore the possibility to evaluate ﬁshing behaviour at a
high level of spatial precision.
As characteristics of SSF vary across regions, the results of the
analysis cannot be automatically extended to other countries. The
aim of this paper is therefore not to provide a universal classiﬁca-
tion scheme but rather to give proof of concept of a methodology
which with the increasing availability of reliable logbook data could
be extended to other EU Member States.
2. Data and methods
An extensive analysis on the characteristics of SSF in the EU is
given in Macfadyen et al. (2011), which applies the deﬁnition of SSF
as vessels with length below 12 m.  According to this study, the EU
SSF is mostly composed by vessels made of wood between 5 and
7 m in length with a gross tonnage of around 3 GT and engines with
a power of about 35 kW.  More than 90% primarily use passive gears
(i.e. gears that are not towed or dragged through the water column
or over the seaﬂoor) such as drift and ﬁxed nets, hook and lines,
or pots and traps. Vessels using more mobile gears such as dredges
and trawls tend to be over 8 m in length.
The data used in the study refers to landings and trip data
for the Swedish ﬂeet for the period 2007–2013. These data were
obtained in anonymised form from the logbooks and journals com-
piled according to the ﬁsheries control regulation (Commission
Regulation (EU) No 404/2011).
In Sweden, all vessels over 10 m (8 m for the Baltic Sea) are
required to register and report their ﬁshing activity in logbooks.
Additionally, all vessels over 12 m are equipped with an electronic
logbook, so called e-logbook, which has replaced the previously
used paper logbook. The e-logbook is used to register and report
data electronically. Reporting to the e-logbook should be done after
each activity during a ﬁshing trip. If the e-logbook is not work-
ing, the vessel is not allowed to leave the harbour. Vessels less
than 10 m,  or when ﬁshing in Baltic Sea less than 8 m,  are instead
required to keep coastal journals. The coastal journals are persona-
lised rather than connected to a certain vessel and are sent to the
authorities on a monthly basis. There are no exceptions for keep-
ing logbook or journal. There are additional regulations regarding
logbooks and journals, for example, vessels using towed gears or
landing abroad are required, independent on size to use logbooks,
etc.
The variables from the logbooks and journals considered in the
study were: date, time and port of departure, arrival at the ﬁshing
ground and start of the ﬁshing operation, landing port and date of
arrival, ﬁshing ground coordinates and catch volume and value by
species and gear.
Swedish logbook data provide in addition to the reference to
ICES rectangles and subdivisions the exact coordinates of the ﬁsh-
ing position considered as the location where the ﬁshing gear is
set. The logbook data are complete and thoroughly checked. When
handling the landing information from logbooks the distribution of
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Table  1
Summary statistics for the descriptors used for the clustering and the classiﬁcation.
Nr of observations Mean Standard deviation Median Min Max
Power (kW) 1670 146.9 265.75 64.35 2.94 3000
Tonnage (GT) 1670 30.22 91.6 4.47 0.11 846
Length (m)  1670 10.65 7.03 8.7 4.2 55.74
Diversity gears 1670 0.3 0.31 0.25 0 1
Diversity months 1670 0.77 0.22 0.85 0 1
Diversity weeks 1670 0.86 0.2 0.94 0 1
Diversity species 1670 0.66 0.39 1 0 1
Diversity gears-species 1670 0.68 0.37 1 0 1
Nr  of trips 1670 24.02 36.38 1 1 202
Diversity landing ports 1670 0.22 0.31 0 0 1
Diversity ﬁshing grounds 1670 0.31 0.34 0.19 0 1
Landing ports (nr) 1670 1.47 1.13 1 1 10
Days  at sea 1670 50.03 45.22 30 1 235.29
Catches (t) 1670 139,083 43,855 1540 1.04 618,453
Duration to ﬁshing ground (h) 739 17.31 23.12 7.98 0.47 150.16
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1Distance to ﬁshing grounds (km) 1183 51 
Duration trip (h) 773 21.98
uantities and species by quantities are calculated and automat-
cally checked. Effort days are also calculated and cross-checked.
egarding catches there are: quota checks – quantities are checked
gainst quotas; effort checks – ﬁshing days and days at sea, species
nd gears is checked; geographical checks – a vessels position
Swedish and foreign) is automatically checked against pre-deﬁned
eographical borders and areas (depending of the origin of the ves-
el these positions are copied and saved for real-time surveillance);
uantity checks – landed species and quantities are compared to
pecies and quantities at ﬁrst sale (landing declarations).
Another source of data used was the EU ﬁshing ﬂeet register. This
s a public database managed by Directorate-General for Maritime
ffairs and Fisheries (DG MARE) containing data on the principal
haracteristic of ﬁshing vessels in the EU.
By linking logbook data with information contained in the
eet register it was possible to obtain a data set including both
perational range of the ﬁshing activity and vessel characteristics
tonnage, engine power, vessel length and gear).
As indicated above, previous studies have approached the
escription of small scale ﬁsheries in the EU by clustering vessel
haracteristics from the ﬂeet register or by clustering vessel char-
cteristics and ﬁshing activity variables (Macfadyen et al., 2011;
arcía-Flórez et al., 2014; Berthou et al., 2008). This study adds
wo novel contributions: (1) we include among the ﬁshing activity
ariables the distance to the ﬁshing grounds and (2) use a two-step
pproach to deﬁne SSF, keeping the two groups of variables (vessel
haracteristics and operational range of activity) clearly distinct.
In this study, the following variables were considered to repre-
ent the operational range classes:
average distance from the port of departure to the farthest ﬁshing
ground in each trip;
average catch volume per trip;
number of distinct landing ports in the year;
number of calendar days at sea during the year;
diversity of ﬁshing grounds, landings ports, ﬁshed species, gears,
gears and species, week of the trip, month of the trip.
The diversity variables were calculated by applying the Herﬁnd-
hl index (Hirschman, 1964) to the distribution of the value of
andings across the different dimensions indicated above according
o the following formula: − H =
N∑
i=1
s2i91 26 3.7 723
24.67 12.58 2 170.06
where s is the proportion of catch values by ﬁshing grounds, landing
ports, etc. and N is the number of ﬁshing grounds, landing ports, etc.
All variables were calculated as annual values for each vessel
and averaged across the period 2007 to 2013 (Table 1).
The distance between the port of departure and ﬁshing grounds
was computed using a program speciﬁcally developed from the R
package “gdistance”.
Land and sea areas were transformed in a grid with cells of
0.5 by 0.5 km and from this grid a transition matrix was calcu-
lated attributing high impedance to cells falling on land. Using this
transition matrix the shortest path algorithm calculated for each
combination of port of departure and ﬁshing ground the shortest
itinerary. The high impedance attributed to the land cells ensured
that the path would proceed only at sea. The assumption in this
approach is that instead of computing the length of the exact
itinerary followed by the vessels the distance to the ﬁshing is con-
sidered along the shortest path.
The clustering was  performed using the k-means method. The
optimal number of clusters was  determined by examining the
reduction of the within-groups sum of squares for increasing num-
ber of clusters (elbow rule). Following the clustering exercise each
vessel was  assigned to an operational range class.
The classiﬁcation step aimed at deriving the best representation
model for the classes of operational ranges deﬁned in the cluster-
ing exercise. The following variables were considered as input for
the classiﬁcation: vessel length, engine power, tonnage, main gear
and gear category (static, mobile, towed). The classiﬁcation exercise
was conducted testing different decision tree algorithms available
in the data mining software Weka (Witten and Frank, 2009).
The decision tree algorithms produce a classiﬁcation scheme
where the nodes represent a test on particular input attributes
and the leaves represent the outcome classiﬁcation of the instances
routed along the corresponding branches. The creation of decision
trees follows a “divide and conquer” approach. A training sample
is examined to ﬁnd the attributes and attribute values that provide
the purest representation in classes while at the same time min-
imising the complexity of the model according to information gain
criteria. Attribute screening is repeated at each node for the portion
of instances reaching that node.
The performance of the algorithms was evaluated by compar-
ing the error rates obtained from a 10-fold cross validation process.
According to this validation method the sample was divided in
10 groups of approximately equal size, nine of these groups were
used as the training data set to build the model and the remaining
group to test the model. This process of training and testing was
repeated 10 times until each group played the role of testing data
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Table  2
Main characteristics of the Swedish ﬁshing ﬂeet in 2013.
Number of vessels 1299
Total gross tonnage (t) 43,000
Days at sea 78,000
Number of active vessels 1000
Percentage of vessels with low activity (landings value
below 10,000 euro)
46%
Average days at sea for vessels with low activity 40
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Table 3
Correlation between vessel characteristics and operational range variables on the
basis of the ﬁshing activity of the Swedish ﬁshing ﬂeet in between 2007 and 2013.
Tonnage Power Length
Diversity gears −0.00 −0.00 −0.06
Diversity months 0.10 0.11 0.13
Diversity weeks 0.09 0.12 0.16
Diversity species 0.12 0.13 0.12
Diversity gears-species 0.12 0.13 0.13
Nr  of trips 0.13 0.22 0.34
Diversity landing ports 0.28 0.30 0.32
Diversity ﬁshing grounds 0.41 0.43 0.49
Landing ports 0.47 0.53 0.54
Days at sea 0.50 0.55 0.63
Catches 0.69 0.62 0.48
Duration to ﬁshing ground 0.71 0.64 0.68
clustering have been reduced to the ﬁrst two discriminants and
each point represents an individual vessel. Vessels’ membership
to the three clusters is identiﬁable by the different colours and
Table 4
Clustering of the Swedish ﬁshing ﬂeet on the basis of operational range variables
(average values in each cluster and in brackets standard deviations).
Long Medium Local
Nr of members in the
cluster (vessels)
33 94 1056
Length (m)  39.3 (10.7) 22 (10.6) 10.4 (4.5)
Power (kW) 1403.5 (728.3) 480.2 (427.1) 123.7 (118.6)
Tonnage (GT) 509.6 (218.9) 151.2 (135) 17.2 (34.5)
Distance (km) 533 (114.1) 139 (50.2) 28.7 (19.1)
Catches (t) 235.5 (125.4) 16.1 (33.3) 7.4 (16.8)
Days at sea 136.4 (63.4) 102.3 (63.3) 53.5 (44.5)Percentage of catches in value and volume by vessels with
low activity
1%
et. Algorithm performance was evaluated on the basis of the aver-
ge of the error rates resulting for each of the 10 runs. Following the
pproach of “simplicity-ﬁrst” recommended in Witten and Frank,
2009) several algorithm were tested starting from the simple “one
ule” algorithm extensively discussed in Holte, (1993). The algo-
ithms which showed the best performance were the J48 (Quinlan,
993) and Best ﬁrst tree (Shi, 2007) algorithm (BFTree). Only limited
mprovements could be achieved with algorithms producing more
omplex classiﬁcation trees.
. Results
The logbook data over the period 2007–2013 comprised 229,013
ndividual trips by 1670 vessels operating from 390 ports.
In 2013, there were 1299 vessels in the Swedish ﬁshing ﬂeet,
ith a total tonnage of around 43,000 gross metric tons (Table 2).
f these, just above 1000 were active vessels, i.e. having more than
ero days at sea. In 2013 the Swedish ﬂeet spent a total of around 78
housand days at sea corresponding to an annual average of 73 days
t sea for each vessel. Dividing the Swedish ﬂeet into two groups
y landing value; just more than ﬁfty percent (54%) of the vessels
as landing values over ten thousand euros. This shows that a large
art of the Swedish ﬂeet has ﬁshing as a part-time occupation. This
ess active group of vessels on annual average spend 40 days at sea
compared to an average of 100 days for the more active group) and
atch less than one percent in value and weight of the total. Of the
essels less than 12 m 55% in number is less active (<10 thousand
uros) compared to only 3% less active vessels above 12 m.
The total number of Swedish vessels has decreased steadily
ince 2002, when there were over 1800 vessels. The number of
mall-scale vessels decreased from 891 in 2007 to 727 in 2013, a
ecrease of 18%, following the general trend of the Swedish ﬂeet.
ost of the small-scale ﬂeet’s main income stems from ﬁshing
ixed ﬁsheries, cod, Norwegian lobster, Salmon and European Eel.
or the large-scale ﬂeet, the number of vessels decreased from 348
n 2007 to 265 in 2013, a decrease of 30%. The ﬂeet targets a vari-
ty of species but in particular pelagic species (herring, sprat, etc.)
nd demersal species such as cod, Norwegian lobster and northern
rawn.
The distance calculation was performed considering trips
etween ports and 39,400 ﬁshing grounds resulting in a matrix
ith 84,870 combinations. The map  in Fig. 1 gives an overview of
he geographical distribution of the ﬁshing grounds and of the ﬁsh-
ng ports, with the size of the ports proportional to the average
umber of vessels across all years. The inset shows an example of
he distance calculation along the shortest path at sea.
The lower quartile, median and upper quartiles of the distribu-
ions of distances between the ports and ﬁshing grounds and of the
urations of the trips were respectively: 33.8 km,  65.0 km,  130.9 km
nd 7.2 h, 10.7 h and 15.7 h.Table 3 shows the correlation between the variables consid-
red and provides a ﬁrst measure of the linkage between vessel
haracteristics and operational range variables. The four highest
orrelation coefﬁcients were between distance and tonnage (0.81),Distance to ﬁshing grounds 0.81 0.74 0.70
Duration trip 0.78 0.71 0.77
duration and tonnage (0.78), duration and length (0.77) and dis-
tance and power (0.74).
In addition to distance and duration, variables showing a high
correlation with vessel characteristics were: volume of catches,
days spent at sea, number of landing sites, the diversity index for
ﬁshing grounds and landing ports and number of trips in each year.
The clustering exercise was  ﬁnally performed on the variables
showing the highest correlation values in respect of the vessel
characteristics. The duration of trip despite having a high correla-
tion with vessel characteristics was excluded because data for this
variable was  not available for small vessels (Swedish journal data
provides dates but not time).
Following the merging between logbook data and ﬂeet register
and the exclusion of vessels with missing values for at any of the
considered variables the rest of the analysis was carried out on 1183
vessels.
Table 4 gives the summary statistics for the three clusters
detected with the k-means method: the number of members and
the average values for the variables used in the clustering.
The three clusters clearly represent classes with increasing lev-
els of operational range: local, medium and long range.
A total of 1056 vessels were included in the local range class,
94 in the medium range and 33 in the long range. The resulting
local range class comprised vessels that have on average a 29 km
operating range between the port and ﬁshing grounds, 7 t of catch
per trip, 1.5 distinct landings places, 53 days of activity and 33 trips
per year.
The upper left plot in Fig. 3 gives an indication of the compact-
ness of the three clusters. The ﬁve variables considered for theDiversity ﬁshing grounds 0.8 (0.3) 0.6 (0.3) 0.3 (0.3)
Diversity landing ports 0.5 (0.3) 0.4 (0.3) 0.2 (0.3)
Landing ports (nr) 3 (1.4) 2.9 (2) 1.5 (1.1)
Trips (nr) 24 (18.7) 28 (21.5) 33 (41.2)
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aig. 1. Map  of the ﬁshing ports and ﬁshing grounds of the Swedish ﬁshing ﬂeet i
he  calculation of the distances between ports and ﬁshing grounds was  done as sh
ectangles and the points the exact coordinates of the ﬁshing operation reported in
ymbols. From this representation it is possible to argue that the
ocal range cluster is the most compact and that clusters become
ess homogenous with increasing range of activity.
Fig. 2 shows the results of the two best performing classiﬁcation
lgorithms J48 and BFTree and their relative performance tested
fter the 10-fold cross validation. The two algorithms achieved
igh success rates, with 93.7% of correctly classiﬁed instances in
he case of J48 and 93.6% in the case of BFTree. The J48 discrim-
nated vessels operating locally using a threshold of 442 kW in
ngine power, while the BFTree used tonnage applying a threshold
f 127 GT. To discriminate between medium and long range vessels
he BFTree algorithm used the higher threshold of 354 GT for the
ariable tonnage while the J48 had a slightly more complex def-
nition by also considering power as discriminatory variable. The
ariable gear, gear type (towed, static, mobile) and hull construc-
ion material were tested with several algorithms but the inclusion
f these additional variables did not provide any improvement in
he classiﬁcation.
The numbers in brackets in Fig. 2 indicate the correctly classiﬁed
nstances against the total number of vessels in each class. The two
lgorithms performed better in classifying small and long range
essels and less so for medium range vessels. The J48 algorithm for
xample correctly classiﬁed vessels in the local range class in 1036
ases, while 45 cases they were wrongly attributed to the medium
ange class and three cases to the long range class. Medium range
essels were correctly classiﬁed in 44 cases, while 19 were wrongly
lassiﬁed as local and 1 as long range.
Fig. 3 shows graphically the effect of the application of a classi-
cation schema based on the common reference to length classes
elow 12 m,  between 12 m and 24 m and above 40 m,  in compari-
on to the three classiﬁcation rules deﬁned by the machine learning
lgorithms.period 2007–2013. The size of the ports is proportional to the number of vessels.
n the example in the inset using the shortest path at sea. The grid represents ICES
gbook data.
The classiﬁcation based on vessel length represented in the plot
in the lower left corner shows that there are many vessels of length
12–24 m that share the same local range characteristics with ves-
sels below 12 m in length. While small vessels are well conﬁned in
the local range area, medium size vessels operate both in the local
and medium range areas.
The criteria based on tonnage and power deﬁned by the
automatic classiﬁcation algorithms performed better in correctly
discriminating vessels. Despite misclassiﬁcations in the medium
range class, the classiﬁcation algorithms provided a good mapping
between vessel size characteristics and operational ranges.
4. Discussion
The aim of this study was to explore the linkage between opera-
tional ranges of activity and vessel characteristics in order to extend
the deﬁnition of SSF beyond the strict consideration of vessel size
below 12 m as used in EU policy. The method relied on data mining
techniques and the availability of detailed logbook data and was
tested on the Swedish ﬂeet.
A series of variables calculated from the logbook data were
selected to deﬁne the local operational range. These variables rep-
resent, in addition to the mere local spatial range of activity of SSF,
their lower ﬂexibility in exploiting more favourable ﬁshing grounds
and market conditions (diversity of ﬁshing grounds, number and
diversity of landing places), a more limited operational capacity
(lower quantity of catches per trip) and lower ﬁshing intensity (less
days at sea).
The analysis was  carried out over a long time-period (2007 to
2013) and therefore reﬂects average behaviour rather than annual
reactions and adaptations to regulations and quota allocations.
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J48 (93.7% correctly classified instances)
power
local (1036/1056) tonnage
medium (44/94) long (29/33)
<= 442 > 442
<= 352 > 352
BFTree (93.6% correctly  classified instances)
tonnage
local (1037/1056) tonnage
medium (42/94) long (29/33)
<= 127 > 127
<= 354 > 354
Fig. 2. Results of the classiﬁcation of ﬁshing vessels of the Swedish ﬂeet in classes
of  operational range. Nodes represent a test on particular input attributes and the
leaves represent the outcome classiﬁcation of the instances routed along the cor-
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based exclusively on size which is also taking into account the localesponding branches. Numbers in brackets indicate the correctly classiﬁed vessels
gainst the total number of vessels in each class.
The availability of the exact ﬁshing operation position from
wedish logbooks allowed calculating distances from ports to ﬁsh-
ng grounds and, hence, the operational ranges of activity at a high
evel of spatial detail. The assumption adopted in computing dis-
ances along the shortest path at sea seems reasonable considering
he scale of the analysis and the tendency of ﬁshing vessels to
educe time and itinerary spent steaming. Although not yet appli-
able to SSF, there are a growing number of possibilities to spatially
nalyse ﬁshing behaviour and derive agent based models for indi-
idual vessels using detailed tracking data from the automatic
dentiﬁcation system (AIS) and vessel monitoring system (VMS).
hese possibilities will be explored in future research.
The strong correlation between vessel characteristics and vari-
bles deﬁning operational ranges of activity corroborates the
ntuitive idea behind the current deﬁnition of SSF based on the link
etween “small” vessel size and “local” activity.
The low correlation for the combination between vessel size
ariables and gears-species and the negative correlation between
essel length and the diversity of gear indicate that small vessels
ave greater variation and ﬂexibility in using different types of
ears throughout the year and targeting different species. How-
ver, the low coefﬁcient value is not as strong as the relationship
etween large vessel size and capacity of exploiting different ﬁsh-
ng grounds. This result is conﬁrmed by Guyader et al. (2013), whorch 164 (2015) 286–292 291
found that the use of several different gear types is generally more
prevalent in European SSF than in large-scale ﬁsheries.
The clustering exercise produced three distinct clusters that
clearly represent increasing levels of operational range. The optimal
number of clusters was  obtained from a purely statistical approach
(elbow rule). The fact that this number corresponds to the normal
distinction between small, medium and long range of activity in
the literature and in many policy documents is incidental and can
be rather interpreted as a quantitative validation of this way  of
grouping ﬁshing vessels.
The less compact clusters for medium and long operational
ranges is indicative of a more variable ﬁshing behaviour and of the
higher degree of freedom that characterises medium and large size
vessels in respect to SSF. In fact, Guyader et al. (2013), found that
while SSF are generally limited to ﬁshing grounds conﬁned within
12 nautical miles of the home port or coastline, vessels between
12 and 15 m in length are also dependent on this zone and vessels
between 15 and 30 m at times exploit resources in this area.
Using classical machine learning algorithms decision trees were
developed as predictive models to deﬁne operational ranges of
activity on the basis of vessel characteristics. These models would
allow classifying new vessels in terms of expected operational
range using the vessel characteristics from the ﬂeet register. In
this sense they represent a bridge between a deﬁnition of SSF
based purely on information on their characteristics and a deﬁ-
nition which takes into account properties associated to the local
ﬁshing behaviour.
The comparison between the clustering of ranges of activity
and the current deﬁnition of SSF based on vessel length indicates
that medium size vessels of length between 12 and 24 m often
operate – and compete – in the same local operational range as
small size vessels below 12 m.  This is corroborated by previous
studies, for example, Guyader et al. (2013) identiﬁed large scale
ﬁsheries as SSF most signiﬁcant competitor, both in terms of access
to stocks and ﬁshing zones. Furthermore, SSF may  have to also
compete against recreational ﬁshing, illegal ﬁshers and other eco-
nomic developments, such aquaculture and tourist activities, in the
area.
The machine learning algorithms after exploring all possible
variables and variables values found that the vessel tonnage and
power rather than vessel length were more informative and lead
to the best classiﬁcation of operational range clusters. Since the
classiﬁcation algorithms screened all the values for each variable
this conclusion on the lower informative power of vessel length is
independent from its value.
Given the overlap between small and medium size vessels in
terms of operational range, machine learning algorithms, while
maximising correctness of classiﬁcation and minimising informa-
tion needs, tended to discriminate classes at very high values of
GT for tonnage or kW for power. With these values the automatic
methods provided a good performance in terms of classiﬁcation
achieving a rate of 93–94% of correctly classiﬁed instances.
Although the classiﬁcation models had high success rate the fact
that the thresholds used are so high makes them inapplicable for
the purpose of classifying SSF. The policy implication would be that
in addition to the small vessels, many medium size vessels operat-
ing in the same local operational range would be classiﬁed as SSF.
Another way  of interpreting the results is that while it was pos-
sible to prove a correspondence between “small” and “local” this
correspondence does not have the property of transitivity, since
not all vessels operating locally can be considered small. Under
these conditions it is not feasible to adopt a classiﬁcation of SSFoperational range of activity.
The report by the European Parliament (European Parliament
Committee on Fisheries, 2012) contains a recommendation for the
292 F. Natale et al. / Fisheries Research 164 (2015) 286–292
Fig. 3. Bi-dimensional representation of variables deﬁning the operational range of the vessels in the Swedish ﬁshing ﬂeet. Each point represents a vessel and its position
in  terms of operational range on the basis of its ﬁshing activity in the period 2007–2013. The upper left plot represents the clustering in operational ranges, the lower left
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Cower  plot the classiﬁcation based on vessel length classes as in EU legislation an
onsidering several vessel characteristics variables. The machine learning algorithm
eference to vessel length. However in order to avoid the overlap between medium
igh  thresholds for power and tonnage.
ommission and MS  to include including social and economic vari-
bles in the deﬁnition of SSF. One aim of the paper was to explore
o what extend this recommendation could be operationalised, in
articular considering the aspect of the range of activity of SSF. Our
tudy proved that the inclusion of variables representing ranges of
ctivity to account for an extended deﬁnition of SSF would be not
onclusive given the overlaps of areas of activity between small and
edium size vessels. Another difﬁculty would lie in the quality of
he logbook data. The Swedish case provided good logbook data
ith exact coordinates of the ﬁshing position also for vessels below
2 m.  Since not all MS  have logbook data with spatial information
t this level of precision the extension of the approach used in this
tudy to an EU scale would be challenging from a data availability
erspective.
Despite this negative conclusion the study was  successful in
sing a quantitative approach based on logbook data to represent
nd describe the local ﬁshing behaviour of an entire ﬂeet. This result
s encouraging and points to further research towards an extended
eﬁnition of SSF coupled with economic variables at the enter-
rise level and, more generally, to spatially characterise ﬁshing
ehaviour considering the increasing availability of detailed infor-
ation on ﬁshing activity from logbooks and from the automatic
dentiﬁcation system and vessel monitoring system.
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